Abstract-The development of an in situ efficiency estimation technique is a challenging task where the lowest level of intrusion and the highest possible accuracy are required. In this paper, a new algorithm is discussed for the in situ efficiency estimation of induction machines under unbalanced power supplies. Prior work in the literature has concentrated on balanced supplies. In addition, to have a nonintrusive speed measurement, a specific adaptive nonlinear algorithm is applied for the extraction of the speed-dependent current harmonics from the measured current signal. A similar algorithm is used to extract the symmetrical components from the current and voltage signals to handle the unbalanced supply conditions. Experimental results with two different machines are used to prove the effectiveness and generality of the proposed method. Measurement error analysis, as well as repeatability tests, has been done to determine the credibility of the proposed method.
The importance of the efficient operation of the electrical motors became more evident by the enactment of the Energy Policy Act of 1992 [2] , which focuses on the efficient operation of the motors. As a result of this act, manufactures have to construct and industries have to buy more efficient motors both for new installations and replacement purposes.
With the goal of encouraging the industrial sector to undertake the demand-side energy management techniques in their plants, the U.S. Department of Energy developed a software tool named "Motor Master +" [3] which facilitates the management of motors in an industrial facility. It contains features which make it possible to identify the motors with poor efficiencies, calculate lifetime energy savings (in case of the replacement of an old motor with a new one), and make decisions over the replacement or repair of an existing motor.
Energy saving calculations and the relevant decisions, such as the replacement of an existing motor, are strongly dependent on an accurate knowledge of the motor efficiency. The efficiency of an induction motor can be affected by many factors such as supply voltage unbalance [4] , over-or undervoltage conditions [5] , noncritical motor internal faults, the effects of the rewinding and repair of the motor, or simply due to overor underloading (due to inappropriate sizing of the motor) conditions. Therefore, in situ efficiency monitoring of the installed motors is a necessity to detect the motors with poor efficiencies and take the appropriate action. For the purpose of this paper, nonintrusive refers to electrical measurements at the terminals only with no mechanical measurement in a particular speed.
Due to this necessity, numerous methods have been proposed for the in situ efficiency estimation of induction machines. These methods can be briefly classified as follows: 1) slip method; 2) current method; 3) simplified equivalent circuit method (such as the Oak Ridge National Laboratory method which is known as ORNEL96 [6] ); 4) simplified loss segregation method (such as the method of Ontario Hydro [7] ); 5) simplified air-gap torque method [8] ; 6) optimization-based methods [9] [10] [11] [12] [13] [14] [15] [16] .
Most of these methods are developed for the balanced supply conditions. However, in reality, some levels of voltage unbalances generally exist in the industry and can sometimes be 0093-9994/$31.00 © 2012 IEEE severe. Unbalanced supplies can exist due to different reasons such as the following [17] , [18] : 1) incomplete transposition of transmission lines; 2) open delta transformers; 3) blown fuses on three phase capacitor banks; 4) unequal distribution of single phase loads; 5) operation of the single phase loads at different times; 6) defective transformers in power systems.
Based on the National Electrical Manufacturers Association MG1 standard, induction motors can operate under up to 5% unbalance voltages [17] . In real conditions and, specifically, in weak power systems, the voltage unbalance factor (VUF) can be even more severe. Based on [17] and [18] , an unbalanced power supply occurring with a combination of over-or undervoltage conditions can significantly affect the working efficiency. Therefore, it is essential to use a method which is specifically developed to deal with these conditions. This will allow more accurate estimation of the efficiency under real industrial conditions.
None of the first four methods are accurate for in situ efficiency estimation under unbalanced supplies. The nonintrusive air-gap torque method [8] considers the effect of the unbalanced voltages on the net produced torque. However, the accuracy of this method is significantly dependent on the accurate measurement of the stator's resistance at the operating temperature, the accurate assumption of the no load losses, and the accurate assumption of the stray losses at different loading conditions. Optimization-based methods show promise where the efficiency of the machine is calculated based on the estimation of the parameters of the equivalent circuit with the help of an evolutionary-based search algorithm (for example, the genetic algorithm).
Based on a literature review, [19] is the only work that combined an optimization-based technique with the equivalent circuit method to deal with the efficiency estimation problem under unbalanced supply conditions. However, there are serious concerns about the convergence of this algorithm to a unique set of solutions due to a higher number of unknowns with respect to the known parameters.
In this paper, a new nonintrusive in situ efficiency estimation algorithm is presented in Section II. Then, in Section III, a nonintrusive speed estimation technique which can be used in an efficiency estimation process is proposed, and the obtained results are compared with the experimental measurements. In the proposed method, the speed value is extracted from currentdependent speed harmonics with the help of a specific nonlinear adaptive algorithm (developed in [20] for biomedical applications) and the frequency spectrum analysis of the residual signal.
In Section IV, it is shown that the same nonlinear adaptive algorithm can be used to extract the symmetrical components as well as the positive-and negative-sequence input active powers from the obtained current and voltage signals.
In Section V, the generality of the proposed evolutionarybased efficiency estimation algorithm is verified based on the experimental results with two squirrel cage induction machines. The accuracy of the experimental results is studied in Fig. 1 . Positive-and negative-sequence equivalent circuits of an induction machine [21] .
Section VI, to find the magnitude of the probable error caused by the measurement instruments. In Section VII, the repeatability of the tests is examined to demonstrate the credibility of the method.
II. FUNDAMENTALS OF THE In Situ EFFICIENCY ESTIMATION ALGORITHM
In the presence of an unbalanced supply condition in the voltages, the performance of an induction machine can be represented by the positive-and negative-sequence equivalent circuits as shown in Fig. 1 , where: R 1 stator resistance; X 1 stator leakage reactance; R 2 rotor positive-sequence resistance; X 2 rotor positive-sequence leakage reactance; R 3 rotor negative-sequence resistance; X 3 rotor negative-sequence leakage reactance; X m mutual reactance of the machine; R m representative of the core losses; R st representative of the stray load losses defined based on IEEE 112 std. [22] ; s slip of the induction motor. The efficiency of a machine in the presence of unbalanced supplies can be calculated from (1)
where P FW friction and windage losses; P in,P positive-sequence input active power; P in,N negative-sequence input active power; P out,P positive-sequence output converted power; P out,N negative-sequence output converted power. The values of the positive-and negative-sequence input active powers can be obtained nonintrusively with the measurement of only two line voltages and currents at each operating point. However, the measurement of the mechanical output power, which requires the measurement of the torque and the speed of the shaft, is not possible nonintrusively as defined here.
Therefore, the positive-and negative-sequence components of the output power shall be estimated for each operating point. To obtain the speed, the slip of the induction machine at each operating point is estimated nonintrusively based on a method described in Section III.
The main problem is to estimate the machine's unknown parameters based on limited measurements. For each operating point, there are four known values and eight unknown parameters (shown in Fig. 1 ). Since the number of known equations (available data) at one operating point is not sufficient for the estimation of all unknown parameters, the data of multiple operating points are used to increase the number of equations and to force the search algorithm to converge to a unique solution.
It is reasonable to assume that the machine works at steadystate loading condition (for example, 0.75 of rated load), which allows steady-state measurements to be made. This means that the temperature of the machine is stabilized at this loading condition and it remains the same during the short-term load variations. This means that it is possible to have a set of data with different electrical loading points for the same thermal condition.
The positive-sequence parameters of the machine are estimated with the help of an evolutionary search algorithm. Knowing the negative-sequence input active power (P in,N ), the negative-sequence voltage magnitude (V in,N ), and the negativesequence input current magnitude (I in,N ), the negativesequence equivalent circuit can be used to calculate the negative-sequence rotor currents at each operating point.
To reduce the number of unknown parameters, it is assumed that the value of the cold stator resistance at the ambient temperature (based on preliminary measurements) and the ratio of X 1 /X 2 (based on the design class of the machine which is shown on the nameplate) are known.
Each individual of a generation is made up of five parameters as shown in Fig. 2 .
K th is the thermal coefficient of the machine. The specification of the used evolutionary algorithm is as follows: 1) population number: 250 individuals; 2) initial population: randomly selected in a predefined period; 3) recombination: single arithmetic recombination P c = 0.8; 4) mutation: nonuniform mutation with a fixed distribution P m = 0.2; 5) reproduction: tournament-based selection combined with elitism (two fittest old individuals).
A fitness (goal) function inspired from a nonlinear least square optimization technique is used to find a unique set of solutions (parameters) which has the least square error at all of the operating points as shown in
in which f 1 is the percentage of the error between the estimated full load temperature (T Rated,Est ) (using estimated motor parameters as well as nominal voltage and speed values) and the real full load temperature (T Rated ) which is known based on the rated temperature rise indicated on the nameplate or the insulation class of the machine as shown in (3)
f 2,i is the percentage of the positive-sequence input current estimation error at operating point "i" as defined in
f 3,i is the percentage of the positive-sequence input active power estimation error at operating point "i" as presented in
The overall flowchart of the proposed method is shown in Fig. 3 .
III. NONINTRUSIVE SPEED DETECTION TECHNIQUE
A machine-current-signature-analysis-based speed detection technique that uses rotor eccentricity harmonics is proposed here. Based on [23] , the eccentricity of the rotor (due to the oval shape of the rotor) creates speed-dependent current harmonics. The largest (in magnitude) speed-dependent current harmonic has a frequency that can be found from
"F s " is the supply frequency, "s" is the slip, and "P " is the pole pair number. The speed-dependent current harmonics are extremely small in comparison to the fundamental component of the current. Since the frequencies of these components are close to the fundamental frequency, they will be masked by the main component of the current, and that makes the detection process complicated. To avoid this problem, a specific nonlinear adaptive algorithm is presented to extract the fundamental component of the current from its signal.
After the extraction of the main component, the spectral analysis of the residual (remaining) signal is used to detect the speed-dependent current harmonics.
A. Mathematics of the Nonlinear Adaptive Algorithm
Consider a desired sinusoidal signal I f (t) = A(t). sin ϕ(t) (fundamental component of the current in this case) combined with some other sinusoidal components as well as noise as shown in
A(t) is the signal's magnitude, ω(t) is the frequency, α(t) is the phase angle, and n(t) is the noise component. As discussed in detail in [20] , the formulation of the algorithm is inspired from the gradient descent method, and it tracks the desired sinusoidal component of the signal by minimizing the least square of the error function as defined in
e(t) = I(t) − A(t). sin ϕ(t).
The governing equations of the nonlinear algorithm are presented in
e(t).A(t). cos ϕ(t)
The block diagram of this algorithm is shown in Fig. 4 . The convergence speed and the steady-state error of the algorithm are dependent on the values of the constants m 1 , m 2 , and m 3 . The value of the constant m 1 affects the speed of tracking of the changes in the magnitude of the desired component while m 2 and m 3 affect the frequency and phase tracking capabilities. The value of these parameters shall be chosen based on a compromise between the steady-state error and the speed of convergence. In [20] , the stability of this algorithm is proven mathematically, and more details are provided about the characteristics of the algorithm and the conditions of the constants. This algorithm acts as an adaptive notch filter in the sense that it passes a desired sinusoidal component and it rejects all other components as well as superimposed noise. This algorithm is capable of extracting the main component of a signal in the presence of other components as well as noise even if there are changes in the frequency or magnitude of the main component.
B. Comparison of the Estimated Versus Measured Speeds
Fig . 5 shows the measured input current of one of the phases of the tested 3-hp induction motor (at full load condition under unbalanced supply) as well as the residual current after the extraction of the main component.
The nameplate data of the tested machine are provided in Table I .
The harmonic spectra of the current signal before and after the extraction of the main component are shown in Fig. 6 . The smaller harmonics are detectable after the extraction of the main component. Based on the theory of induction machines, one can expect to have the speed value somewhere between the synchronous speed (1800 r/min in this case) and the rated speed (which is 1740 r/min for the machine). However, considering the possibility of working under overload conditions, the lowest possible speed is considered around 1700 r/min.
Considering the number of the pole pairs equal to 2, supply frequency of 60 Hz, and slip range from 0 to 0.055 (1700 r/min), it is anticipated that a speed-dependent current harmonic will be somewhere between 30 and 31.67 Hz.
The harmonic spectra of the residual currents of the tested 3-hp machine are shown in Fig. 7 at two loading points.
Based on (6), the frequency of 30.22 Hz is translated to 1786.0 r/min, and that of 30.95 Hz is translated to 1742.3 r/min. The comparison of the estimated speeds and the measured ones with tachometer results is presented in Table II for different loading conditions under about 5% of VUF and in the thermal condition of 0.75 of the rated load. The estimation was based on 60 s of data acquisition with a 5-kHz sampling rate.
The same test is performed with a 10-hp premium efficiency induction machine to check the generality of the method. The nameplate of the machine is shown in Table III . The estimated speeds are compared with the measured values as shown in Table IV . As it can be seen, the results of this technique are in very good accordance with the tachometer measurements. 
IV. EXTRACTION OF THE SYMMETRICAL COMPONENTS
An unbalanced power supply creates unbalanced currents in the machine. The unbalanced currents produce negative and positive-sequence fluxes, and they result in positive-and negative-sequence torque components. The magnitude and the phase of the positive-and negative-sequence components of the voltage and current signals are required for the extraction of the positive-and negative-sequence components of the input active power. All these extracted components are used in the developed algorithm to estimate the parameters and the efficiency of the induction machine as shown in Fig. 3 .
The proposed nonlinear algorithm can be used to track the fundamental component and to extract the phasor information (magnitude and phase shift). The algorithm is capable of dealing with frequency fluctuations while estimating the phasor quantities. Fig. 8 shows the block diagram of the proposed algorithm which is based on the combination of the proposed nonlinear adaptive algorithm and the Fortescue transformation matrix that is shown in (13) . Based on this method, the phase and the magnitude of the symmetrical components can be directly extracted from two line voltage and current signals ⎡
In which K = e tively. The extracted components of the signals as well as the estimated positive-and negative-sequence components of the input active power are shown for the case of the 3-hp motor in Fig. 11 . The proposed algorithm can be used to extract all the required data that are used in the efficiency estimation process. Fig. 11 . Positive-and negative-sequence components of (a) input voltage, (b) input current, and (c) input active power under 5% VUF and rated load condition. The symmetrical components of the voltage, current, and input active power are extracted for the two tested machines from the measured current and voltage signals, in the dominant loading condition as well as four other short-term loading points as shown in Tables V and VI. These data are used in the proposed evolutionary-based efficiency estimation algorithm to estimate the efficiency of the machine under different loading conditions as discussed in Section II, and the results are shown in the following section. Fig. 12 . Schematic of the test setup used for this experiment. 
V. TESTING OF THE PROPOSED METHOD
In this section, the proposed algorithm is used to estimate the efficiency of 3-and 10-hp squirrel cage induction motors with nameplates as shown in Tables I and III. An experimental setup with the schematic as shown in Fig. 12 was used for this test. Fig. 13 shows the experimental setup of the 3-hp motor in the laboratory specifically for in situ efficiency estimation tests.
As can be seen from Figs. 12 and 13, the induction motor was coupled to a dynamometer. Thus, it was possible to impose different torque levels on the shaft of the induction motor. The three phase unbalanced power supply was produced with three single phase variacs as well as a step-up transformer. The extracted data of the five operating points were imported into the developed floating point evolutionary efficiency estimation algorithm as a set of input data. The trend of the improvement of the fitness function (after each generation) is shown in Figs. 14 and 15 for the 3-and 10-hp machines, respectively. The value of the average error between estimated and measured positive-sequence currents and powers at different operating points is around 0.74% after the convergence of the algorithm in the case of the 3-hp machine and is 0.76% in the case of the 10-hp machine.
The efficiency of the machine is calculated after the estimation of the positive-and negative-sequence components. The results are compared with the direct measured efficiency values (with the help of the installed torque/speed sensor) as tabulated in Tables VII and VIII for The experimental result proves the effectiveness, feasibility, and generality of the developed in situ efficiency estimation technique.
VI. MEASUREMENT ERROR ANALYSIS
In the previous sections, a comparison of the estimated efficiencies with the measured ones was used to validate the effectiveness of the proposed in situ efficiency estimation algorithm. However, the accuracy of the measured values must be guaranteed in order to be able to use them as a reference for comparison.
In a typical experiment, three types of error may exist. The first one is the methodological error, the second one is the human error, and the third one is caused by the instrumental error. Instrumental error is the most dominant type of the error for the efficiency estimation problem, and it can be calculated with three common error evaluation techniques that are presented as follows [24] , [25] : 1) maximum error estimation (MEE); 2) worst case error estimation (WCEE); 3) realistic error estimation (REE). The MEE technique gives the maximum possible error, and it is defined with the following equation:
where ε η relative error of the measured efficiency; ε P out relative error of the measured output power; ε P in relative error of the measured input power; ε T relative error of the measured torque; ε S relative error of the measured speed; ε V relative error of the measured voltage; ε I relative error of the measured current. The relative error for a parameter is defined as the ratio of the absolute error to the true value of the parameter.
The relative errors of the instruments, used in the efficiency measurement of the 10-hp machine, are as follows: 1) torque sensor: ±0.2%; 2) speed sensor: ±0.05%; 3) voltage sensors: ±0.2%; 4) current sensors: ±0.2%. Using the provided data on the accuracy of the used instruments and (14), the maximum possible error in efficiency measurement can be calculated as in
This is the maximum value of the error that can exist in the measured efficiency values. However, it is unrealistic to have all the errors happening in a way that leads to the calculated maximum error.
WCEE is another way of handling the error calculation problem. In this method, the effect of each error source on the measured component (efficiency in this case) is handled separately, and its influence is considered with an influence coefficient as shown in [24] 
where I I influence coefficient of the current; I V influence coefficient of the voltage; I T influence coefficient of the torque; I S influence coefficient of the speed. The value of the influence coefficient for each parameter is found based on a perturbation method where the relative deviation of the output (efficiency) parameter is found for a known perturbation in an input parameter (e.g., current) as shown in (17) for the current [24] 
As it is shown in [24] and [25] , the influence coefficient of all the parameters in (16) is almost equal to 1 for direct efficiency measurement technique. This means that the error of each instrument has the same influence on the final error of the measured efficiency. Therefore, the worst case error for efficiency measurement with the direct method will be as follows: As it can be seen, the WCE method gives almost the same result as the MEE method. This is due to the similar nature of both methods which assume a simultaneous existence of maximum possible errors in all measured parameters.
To have a more realistic value of the error, the REE method should be used. With the assumption of the uniformly distributed error for each parameter, the relative distribution of the output can be found based on [24] ε η = (I I .ε I ) 2 + (I V .ε V ) 2 + (I T .ε T ) 2 + (I S .ε S ) 2 .
Using the same influence coefficients, the error of the measurement based on the REE method is found as shown in ε η = (1. ± 0.2%) 2 + (1. ± 0.2%) 2 + +(1. ± 0.2%) 2 + (1. ± 0.05%) 2 = ±0.35%. (20) Based on the achieved results, it can be assured that the measurements were done within an acceptable error range.
VII. REPEATABILITY OF THE RESULTS
In order to guarantee the consistency of the results, the test with the 3-hp machine is repeated three times, and the results are compared as shown in Figs. 18 and 19 .
As can be seen, the consistency of the achieved results proves the reliability of the proposed method.
VIII. CONCLUSION
In situ efficiency estimation is a challenging area of electrical machine research work where the lowest level of intrusion and the highest possible accuracy are required. A new algorithm is proposed for machines working with unbalanced supplies, and a nonintrusive speed estimation technique is developed for efficiency estimation process. The experimental results based on two different machines prove the effectiveness and generality of the proposed technique. The measurement error analysis, as well as the results of the repeatability tests, further validates the method.
